Estimates of population abundance are fundamental to wildlife management and conservation, but are difficult to obtain across large geographic scales and for cryptic species. We used a state-space model with age-at-harvest data in a Bayesian framework to model American black bear (Ursus americanus) abundance and demographic parameters in four management zones in Wisconsin from 2011-2017. We had limited demographic data available from the population, and relied upon a) the model, b) age-atharvest data, and c) informative prior distributions from a literature review. The estimated posterior means and distributions for abundance and demographic parameters from our models were reasonable for each management zone, and indicated a decreasing trend in zones A and B, and a generally stable trend in zones C and D. The age-at-harvest data updated the posterior distribution and means for initial population size, harvest season survival, and non-harvest season survival, with a notable increase in precision for the survival values. A strength of the model for managers is the formalized process for providing biologically supported information as prior distributions to transparently accommodate expert opinion with measures of confidence when estimating wildlife populations, which can then be updated by the age-at-harvest data and model structure. The integration of prior information and age-at-harvest state-space models in a Bayesian framework efficiently leverage all available information for making zone-specific abundance estimates for the management of harvested species. This may create more informative data for decisionmakers when setting harvest quotas, and could lead to more effective monitoring, conservation, and management of cryptic carnivore species.
Introduction
Estimates of population abundance are fundamental to wildlife management and conservation (Leopold 1986 , Skalski et al. 2005 , but estimates are difficult and expensive to obtain across large geographic scales (Skalski et al. 2005) . This is especially true for carnivores, which are cryptic and occur at low-densities (Karanth and Nichols 1998, Allen et al. 2016a) . Consequently, carnivore managers often base population estimates on extrapolations from small data sets, which makes it important to use appropriate sampling design and statistically rigorous models and obtain accurate estimates (e.g., Skalski et al., 2005) . For management of hunted populations, using models based on age-at-harvest (AAH) data to create population estimates is often most practical because AAH data are collected across management zones, and the cost of obtaining the age and sex of harvested animals is minimal compared to other data collection methods (Skalski et al. 2005 , Norton 2015 , Allen et al. 2018a .
Several statistical models have been developed that use AAH to accurately estimate population abundances (Conn et al. 2008 , Fieberg et al. 2010 , Skalski et al. 2011 , Norton 2015 . To summarize, we distinguish between these based on whether the past models used were fit in a frequentist or Bayesian framework and how the AAH data are modeled. Past frequentist approaches have included statistical population reconstruction (SPR) that integrated hunter effort (e.g., Skalski et al. 2011) , and state-space models that integrated food availability (e.g., Fieberg et al. 2010) . Past Bayesian approaches have included data augmentation methods that are similar to SPR and integrated tag recovery (e.g., Conn et al. 2008) , and state-space models that integrated known-fate survival data (e.g., Norton 2015) or produced reasonable estimates without integrating auxiliary data (Allen et al. 2018a) . Bayesian approaches allow the analyst to provide biologically supported values and constraints on model parameters as prior distributions, creating a formal process that transparently accommodates expert opinion when estimating wildlife populations. This formal process also allows for updating our knowledge and understanding of a given population by formally introducing knowledge of the system as prior values/distributions. Our knowledge of the system (the prior values/distributions) are then updated with the information in the new data (in this case the AAH data from harvest data) and summarized as posterior distributions that fully 6 expresses our new understanding of the system. State-space models allow the user a flexible framework to completely describe the temporal resolution of a biological process (e.g., survival or reproduction) that is only partially observed on a recurrent basis (e.g., annual age-at-harvest data). However, reliability of inference is still contingent on the resolution and quality of the observed data and prior models, which requires the modeler to completely understand limitations of the data.
American black bears (Ursus americanus) are a spatially dispersed (Rogers 1987 , Taylor et al. 2015 ) and long-lived solitary carnivore (up to 31 years in the wild; Allen et al., 2017) . They have a relatively low reproductive rate and heavily invest in parental care (Rogers 1987) , frequently not reaching sexual maturity until they are 2-7 years old (Rogers 1987 , Noyce and Garshelis 1994 , Allen et al. 2017 .
Consequently, as a K-selected species, black bears have slow population growth rates (Pianka 1970) and are susceptible to over-harvest (Garshelis and Hristienko 2006) .
In Wisconsin, black bears are a big game animal, that is managed by the Wisconsin Department of Natural Resources (WDNR), and whose populations and harvests have been growing over the last 45 years (MacFarland 2009 , Sadeghpour and Ginnett 2011 , Allen et al. 2018a . The WDNR has estimated the population abundances of black bears in 4 management zones over the last 3 decades using a deterministic accounting-style model. The model is dependent on initial population size, incorporates fixed estimates of demographic parameters, and does not report any measure of variance for the estimates (Allen et al. 2018) . The model also does not always estimate populations accurately compared to independent estimates (MacFarland 2009). Independent population estimates from tetracycline-bait markrecapture studies (see MacFarland 2009) have been integrated into the WDNR population model to increase accuracy, but these independent estimates are expensive and often conducted years apart, and do not fix the underlying problems of the model not estimating variance or allowing variation in demographic parameters. Allen et al. (2018) developed a state-space model using AAH in a Bayesian framework for black bears that incorporates variation in population and harvest demographics over time which could be used to update the population estimates for each management zone in Wisconsin.
State-space models may be ideal for estimating wildlife populations (Norton 2015 , Allen et al. 2018a ), but have been infrequently used by wildlife managers to date. Our goal was to evaluate whether AAH state-space models, based on Norton (2015) and Allen et al. (2018) , can be used to effectively estimate zone-specific black bear abundance and demographic parameters in Wisconsin for use in management (setting harvest objectives for recreation and conservation). Our objectives were to 1) use the AAH state-space models developed by Allen et al. (2018) for black bears to create zone-specific estimates, and 2) compare the zone-specific posterior distributions of abundance to determine if the model can predict different trends based on the given zone. 3) Compare the zone-specific prior and posterior distributions of each demographic parameters to determine how they were updated by the model.
Methods

Study Area
The WDNR manages bear populations in 4 distinct zones, with each zone having unique quotas and 
Model Parameters and Processes
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We used the model created by Allen et al. (2018) to estimate abundance (N) of the black bear population in each management zone in Wisconsin immediately prior to the hunting season. We used 6 years of black bear harvest data collected from mandatory registration in Wisconsin to determine the total annual observed harvest (O), and the number of harvested animals with known age and sex (C). A tooth was extracted from each harvested black bear to age through counting cementum annuli. We annotate population size as #,%,& , where a = age, s = sex, and y = year, for the indicated population size.
We used the model created by Allen et al. (2018) , including most of the reasonably informative prior distributions, and allowing annual stochasticity in the harvest season survival but not for other demographic parameters. We changed the model created by Allen et al. (2018) by adjusting A) the initial population sizes, B) the proportion of bears in the population in each sex class, and C) only used 6 years (2011) (2012) (2013) (2014) (2015) (2016) of data to match the data from our initial population size estimates. We based our initial adult population sizes for each zone on independent capture-recapture estimates generated from tetracycline marking from 2011 (NA = 8,478, NB = 6,075, NC = 7,748, and ND = 8,633; Rolley and Macfarland 2014). To account for known underestimates in the proportion of females and overestimates in the proportion of males in initial population estimates in the model of Allen et al. (2018) , likely due to male-biased harvest selection (Malcolm and Van Deelen 2010) , we considered 55% of the population to be female proportion and 45% to be male. To estimate the proportions of N in each age class in the initial population size, we set abundance in age class 1.5 years old based on the values from the tetracycline marking and assumed survival for each age transition from 1.5 to 10.5+ was equal to our mean prior value. We assumed cub survival was equal for male and females, and calculated the abundance of the 10.5+ year old age class to be three times greater than the 10.5 age class.
Our state-space models consisted of two process models whose likelihoods were jointly modeled (Buckland et al. 2004 , Norton 2015 . The population process model (two-sex, ten-stage population projection matrix [Caswell 2001] ) was based on the unobserved/latent population matrix, while the observation state process used the harvest data from Wisconsin in each given zone (Newman et al. 2009 , Norton 2015 . We achieved regularization of parameter estimates by using a hierarchical structure for parameters to smooth annual or age-cohort variation to mean values for each modeled parameter based on information about black bear ecology from the literature review.
We fit our models using Markov Chain Monte Carlo (MCMC) methods and report the posterior means and distributions for each parameter from the MCMC samples. We created zone-specific statespace population models for each of the four management zones in Wisconsin to estimate the black bear population using actual harvest data from 2011-2016 and our prior distributions. We fit our models in Program R (R Core Team 2017) using JAGS (Plummer 2003) and the R package rjags (Plummer 2006 ).
In each model we used 220,000 iterations in 3 chains, with a burn-in of 20,000 iterations and a thinning rate of 4 for our posterior estimates. We visually assessed the mixing and convergence of each of the chains, and then used Gelman-Rubin statistics (Gelman and Rubin 1992) on the annual abundance estimates to ensure each of the models converged. 
Results
Summary Statistics
The mean harvest quota across the state was 9,855 (± 476 SE) bears and ranged from 8,560 to 11,520 harvest permits. The harvest quota for zone A decreased over time, with a mean of 2,437 (± 326 SE, 
Population Estimates
We used state-space models using AAH data in a Bayesian framework to estimate the black bear 
Demographic Parameter Estimates
The posterior means and distributions for pregnancy rates, sex ratio of cubs or reporting rates
were not updated by the model for any of the management zones. The posterior means and distributions of litter sizes were increased from the prior distributions for Zone C, but were not notably updated for the other zones. The means of the posterior distribution for the initial population size were generally similar to the means of the prior distribution for both sexes in each management zone, with the exception of 1.5 year old and 10.5+ year old age classes. The number of 1.5 year old age class males and females increased in each zone in the model, and the number of 10.5 year old age class females increased in zones B and D.
12 and lower means and distributions for each zone than the prior distributions. The posterior distribution for cub survival had increased precision and higher means compared to the prior distribution in each zone.
Discussion
The posterior distribution estimates of abundance and demographic parameters from our statespace models using AAH data were reasonable for each management zone, and in many cases the estimates were updated by the model. The abundance estimates indicated a decreasing trend in zones A and B, and a generally stable trend in zones C and D. The posterior means and distributions were updated from the prior distributions for initial population size, harvest season survival, and non-harvest season survival, with a notable increase in precision for the survival values. Our posterior distributions were based on the joint modeling of the biological population process and age-at-harvest data and parameter constraints imposed via our prior specification (Norton 2015 , Allen et al. 2018a ). The updated posterior distributions for some of the parameters when compared to prior distributions demonstrated advantages of the state-space structure with age-at-harvest data compared to deterministic accounting-type models which do not use age-at-harvest data to inform biological parameters.
One important improvement to this model from that of Allen et al. (2018) was changing the initial population sizes of each sex and age class, which also removed the assumption of harvest being representative of availability among age classes. We adjusted the assignment of age classes to account for a bias in harvest of male bears (Malcolm and Van Deelen 2010) , and also changed the initial population values from the WDNR estimates used by Allen et al. (2018) to independent population estimates from tetracycline marking for each zone (Rolley and Macfarland 2014) as our starting point. The posterior means and distributions for initial population estimates were generally similar to the prior means and distributions for all age classes, with the exception of 1.5 year old bears and 10.5+ year old females in some zones. The initial underestimate of 1.5 year old bears in our prior distributions indicates higher harvest pressure for younger bears, as is often the case for black bears throughout their range (Beston 2011) . We also tried to account for the abundance of long-lived bears in the Wisconsin population by considering the 10.5+ age class to be three times the abundance of the 10.5 age class. This worked for male bears in all zones, but underestimated the females in this class in two zones, likely because older females in these zones had higher survival than in our prior distributions. More age classes could be 14 added to the model, but would result in slower computation times. Due to these adjustments, our prior distribution more closely matched the posterior distribution from the Allen et al. (2018) model, generally allowing greater accuracy, but also likely allowing the model to converge more quickly.
After the initial round of independent population estimates from tetracycline showed that the harvested bears, possibly due to the increased quotas, but these do not appear to be substantially affecting the population trend to date. The varying harvest quotas over time are likely to affect annual harvest, and could be integrated into the model directly rather than inferred through the observed harvest. Hunter effort is often an integral component to population reconstruction models (Skalski et al. 2011) , and could be integrated into state-space models as well.
Harvest season survival is one of the most variable demographic parameters, particularly among sex and age classes, but is also the variable most informed by the AAH data. Hunters in Wisconsin are known to have male-biased harvest selection for black bears (Malcolm and Van Deelen 2010) and other species (Allen et al. 2018b) , and among bears this is likely due partly to males being larger and females with dependent cubs being illegal to harvest. Males and females of many carnivore species, including black bears, also vary in their behavior (Taylor et al. 2015 , Allen et al. 2016b , which can also affect their vulnerability. Harvest season survival is one of the most easily managed parameters, because it correlates closely with annual harvest quotas, and we incorporated annual stochasticity into this parameter. The modeled stochasticity does not incorporate the reproductive state of females (with or without cubs), because we did not want to make the model too complex. Stochasticity can be incorporated into any variable if needed, however, but adding complexity slows down the time to run a given model and should be considered by managers in each specific case.
Previous AAH state-space models in a Bayesian framework were most sensitive to the prior distributions of reporting rates (Norton 2015 , Allen et al. 2018a , hence rigorous estimation of reporting rates should be a focus of future research. Changes in reporting rates are likely to change in Wisconsin as the registration requirements shift from mandatory in-person registration to online registration in
Wisconsin. This may result in lower reporting rates than the near universal reporting that we assumed in our analysis. Because AAH state-space models are particularly sensitive to prior distributions of reporting rate (Norton 2015 , Allen et al. 2018a , conservative estimates may be best.
Fitting population models within a state-space Bayesian framework is a powerful and flexible approach that can be optimized to specific research or management objectives. The accuracy of AAH state-space models could potentially be improved by creating zone-specific estimates for prior distributions of demographic parameters based on zone-specific prior knowledge or by including auxiliary data. This could be particularly useful where it is reasonable to assume that environmental or anthropomorphic influences, such as supplemental feeding, on parameters vary between zones. Litter sizes and pregnancy rates values may also vary by zone, as they are tied to available nutrition (Rogers 1987, Noyce and Garshelis 1994) . Bears in Wisconsin eat large amounts of supplemental feed (Kirby et al. 2017 ), but this is variable across both coarse and fine scales on the landscape, as are other food sources. Using hunter surveys to understand amounts of supplemental feed available by county or zone could inform the prior distributions set for demographic parameters.
